The goal of restricting study populations is to make patients more homogeneous regarding potential confounding factors and treatment effects and thereby achieve less biased effect estimates. Objectives: This article describes increasing levels of restrictions for use in pharmacoepidemiology and examines to what extent they change rate ratio estimates and reduce bias in a study of statin treatment and 1-year mortality. Methods: The study cohort was drawn from a population of seniors age 65 years and older enrolled in both Medicare and the Pennsylvania Pharmaceutical Assistance Contract for the Elderly (PACE) between 1995 and 2002. We identified all users of statins during the study period and assessed the time until death within 1 year. The following progressive restrictions were applied: (1) study incident drug users only, (2) choose a comparison group most similar to the intervention group, (3) exclude patients with contraindications, (4) exclude patients with low adherence, and (5) restrict to specific high-risk/low-risk subgroups represented in randomized trails (RCTs). Results: The basic cohort comprised 122,406 statin users, who were on average 78 years old and predominantly white (93%) and showed an unadjusted rate ratio of 0.32 for statin users. When all 5 restrictions were applied (N ϭ 11,673), the unadjusted rate ratio had increased to 0.72. Multivariable Cox regression adjusted rate ratios increased from 0.62 ͓95% confidence interval (CI), 0.58 -0.66͔ to 0.79 (95% CI, 0.60 -1.03). However, after the first 3 restrictions the effect size changed little. The final estimate is similar to that obtained as a pooled estimate of 3 pravastatin RCTs in patients age 65 years and older. We argue that restrictions 1 through 4 compromised generalizability little. Conclusions: In our example of a large database study, restricting to incident drug users, similar comparison groups, patients without contraindication, and to adherent patients was a practical strategy, which limited the effect of confounding, as these approaches yield results closer to those seen in RCTs.
R esults from pharmacoepidemiologic research often have immediate and far-reaching clinical, regulatory, and economic implications. Consequently, practitioners and policymakers must consider carefully whether any association between use of a prescription drug and health outcomes is causal. Although a variety of systematic errors may bias nonexperimental research, 1 confounding bias is of particular concern in epidemiologic studies of drug effects. 2 Large health care utilization data sets are an efficient data source to analyze the relation between prescription drug use patterns in clinical practice and unintended and infrequent health outcomes. 3, 4 Despite their advantages, pharmacoepidemiologic claims data studies have been criticized for the incompleteness of their information on potential confounders. Restricting study cohorts to patients who are homogeneous regarding their indication for the study drug will lead to more balance of patient predictors of the study outcome among exposure groups and thus will reduce confounding. Restricting study cohorts can also increase the likelihood that all included subjects will have a similar response to therapy, and therefore reduce the likelihood of effect modification. Randomized controlled trials (RCTs) commonly restrict their study population to patients with a presumed indication for the study drug and then randomly allocate the actual treatment. One might argue, therefore, that similar restriction of the study cohort in nonrandomized research can foster con-vergence between those findings and results from RCTs. Although restriction is based on measurable patient characteristics, selecting proxy characteristics may overcome the often-limited depth of information in health care utilization databases. The large size of such databases, however, makes it feasible to restrict on many criteria without reducing the study to a size that would meaningfully compromise the precision of effect estimates. A recent study suggested that the way investigators apply restriction varies substantially when they examine adverse drug effects in nonrandomized research, but it did not analyze the effects of different restriction strategies on the validity of findings. 5 The objective of this article is to develop a structured approach to restricting patient populations in epidemiologic database studies of intended and unintended treatment effects. To illustrate how increasing restriction criteria affects the strength of an association between statin use and 1-year mortality, we used a cohort study of Medicare enrollees and compared results with those of randomized controlled trials. We used this example because statins are widely used in primary and secondary prevention of coronary heart disease and myocardial infarction (MI). It is a medication class for chronic use, and several randomized controlled trials are available in elderly patients showing a reduced risk of MI and suggesting improved mortality.
METHODS

Framework of 5 Decision Points
To illustrate the effects of restriction, we propose a sequence of 5 steps whereby investigators increasingly restrict their base populations to achieve a more homogeneous study population. Each step is intended to improve the balance of patient characteristics among exposure groups and thus reduces confounding. We start with describing the source population of our cohort study. The explanation and rational of each of the suggested restrictions will be followed by the specific implementation in our example study ( Fig. 1 ).
Data Source of Empirical Analysis
The study cohort was drawn from a population of seniors age 65 years and older enrolled in both Medicare and the Pennsylvania Pharmaceutical Assistance Contract for the Elderly (PACE) programs between 1995 and 2002. PACE is a state pharmaceutical benefits program for individuals with incomes below $14,000 and couples with incomes below $17,200; its data have been frequently used for pharmacoepidemiologic studies. 6, 7 Drug dispensings required a nominal copayment of $6 and can be up to a 30-day supply. To ensure that drug and health care system use were correctly ascertained during the year before cohort entrance, we required that subjects have at least 1 prescription claim and 1 physician or hospital claim during each half of the year, indicating both Medicare and PACE enrollment. Specific cohorts drawn from this population are described below.
Study Exposure and Outcome
The initial exposure status of statin use, nonuse, or comparator drug use as determined from pharmacy claims was carried forward until censoring after 1 year or death, whichever came first. We analyzed the extent to which patients classified as nonusers started statins during follow-up and how many statin users discontinued, using a gap of 90 or more days without statin use in addition to the dispensed supply as the definition for statin discontinuation.
We used Medicare claims data to ascertain time of death. Death information from Medicare records is routinely cross-checked with Social Security data. Subjects were censored upon death or at the end of 365 days after drug initiation. 
Cohort 0 -Statin Users and Nonusers Matched on Calendar Time
We identified subjects who used a statin at any point between 1995 and 2002, assigning the date of first observed statin use (occurring after 1 year of eligibility) as an index date. On each statin user's index date, we sampled a subject who had not used a statin as of that date (ie, a nonuser) and assigned him or her the same index date.
First Decision Point: Study Incident Medication Users Only?
The population of statin users described above consists of a mix of incident drug users (ie, those starting on a statin) and prevalent users (ie, those taking a statin for some time). This design begins by identifying all patients in a defined population who were treated with the study medication at least once during a defined study period. Start of exposed person time begins at the first recorded dispensing of the study drug in the study period.
Mixed Prevalent and Incident User Cohorts
Studying mixed prevalent and incident user cohorts will
lead to under-ascertainment of early events. Depending on the average duration (chronicity) of use, such cohorts may be composed predominantly of prevalent users and include few new users. The estimated average treatment effect will therefore underemphasize effects related to drug initiation and will overemphasize effects of longterm use. 8 
Prevalent users of a drug have by definition persisted in
their drug use, similar to the concept of survivor cohorts in chronic disease epidemiology. 9 Being persistent or adherent is a characteristic found more frequently in patients who tolerate the drug well and who perceive some therapeutic benefit. Adherence is also associated with higher educational status and health seeking behavior, particularly if the study drug is treating an asymptomatic condition (eg, like statins treating hyperlipidemia) and because these characteristics are difficult to assess in claims data, they may lead to healthy user bias. 10 -12 3. The duration of use among prevalent users can differ by drug exposure; duration thus may cause bias if it remains unadjusted. Such a scenario is likely when newly marketed drugs are compared with competitors that have been available longer. In database studies, duration of prior use can only be assessed by tracing back a continuous string of prescriptions to the initial prescription. 4. In studying prevalent users, investigators can assess patient characteristics only after the initial exposure; thus the drug under study may affect those characteristics. Adjusting for such factors that are on the causal pathway of the drug's action will lead to an underestimation of the drug effects.
"New User Design"
One begins an incident user design by identifying all patients in a defined population who start a course of treatment with the study medication. Exposed person-time begins at the start of treatment, which is identified as a dispensing of the index drug without a dispensing of that drug during the prior year or some other fixed time interval comparable with a wash-out period commonly used in RCTs. The advantage of the so-called "New User Design" has recently been summarized. 8 Although limiting the study population to drug initiators resembles one of several key characteristics of clinical trials, the limited number of incident users requires large source populations like health care utilization databases from which new starters can be identified efficiently. For some patients, it may not be the first time they take the study drug (ie, they are not really naive to the drug). Patients who know from earlier treatment courses that they tolerate and benefit from the drug are more likely to use the same drug again. The chance of an initiator being a true new user can be increased by requiring longer periods without use of the study drug before the index prescription.
Cohort 1-Incident Statin Users and Nonusers
Cohort 1a-Incident statin users and nonusers matched on calendar time. We restricted cohort 1 to incident statin users, defined as no statin use in the 12 months before the index date, and to their matched nonusers (exact date).
Cohort 1b-Incident statin users and nonusers matched on the date of another prescription or office visit. We matched the incident statin users from cohort 1a to nonusers who filled a prescription or had a physician visit on the index day (Ϯ30 days).
Second Decision Point: What Is the Most Adequate Comparison Group?
Choosing a comparison group is a complex and sometimes subjective issue. The ideal comparison group should comprise patients with identical distributions of measured and unmeasured risk factors of the study outcome.
Patients With the Same Treatment Indication: "Alternative Drug Users"
Selecting comparison drugs that have the same perceived medical indication for head-to-head comparisons of active drugs will reduce confounding by selecting patients with the same indication (eg, indication for using celecoxib vs. rofecoxib). Although one can rarely measure the indication directly-in the statin example we would need laboratory values of serum lipid levels that are not available in claims data-we infer the indication by the initiation of a treatment specific to the indication. However, new competitors within a class are often marketed for better efficacy, slightly expanded indications, or better safety ͓cyclo-oxygenase-2 inhibitors (coxibs) vs. nonselective nonsteroidal antiinflammatory drugs (NSAIDs)͔, influencing physicians' prescribing decisions. 13 In this way, new opportunities of confounding by indication can arise.
"Nonusers"
In some cases, there either is no comparator drug with a reasonably close indication to the study drug or a class effect is suspected such that the entire class is to be tested, requiring comparison subjects who did not use any drug of this class. The most obvious choice may be to identify study subjects who do not use the study drug and then to pick a random date as the index date, possibly matched by time to the index date of the first prescription among active drug users.
Obviously, patients on therapy most likely have a medical indication; by contrast a large proportion of nonusers have no medical indication. Patients initiating statin therapy are more likely to have elevated lipid levels, and therefore increased cardiac risks; nonusers as defined above may differ substantially from users of the index drug for both measured and unmeasured characteristics, even beyond the indication for the index drug.
As a case in point: although drug initiators have (presumably) been evaluated by a physician just before receiving that prescription, nonusers may not have seen a physician recently and, in fact, may have less contact with the health care system in general. Differential underrecording of health conditions in the nonuser comparison group makes members of the comparison group seem healthier than they really are and may lead to an overestimation of treatment effects.
Groups will be more comparable regarding access to health care, including health seeking behavior and disease surveillance, when choosing comparison patients who also had contact with the health care system in the form of a drug dispensing. Like patients starting the study drug, such patients have just been evaluated by a physician before the initial prescription. Adequate comparison groups for new statin initiators could, for example, be initiators of topical glaucoma drugs or thyroid hormone substitution. Both of these classes of pharmaceutics are unrelated to lowering serum lipid levels and are used for preventing the progression of an initially asymptomatic condition.
Cohort 2-Incident Statin Users and Incident Glaucoma Medication Users
We replaced the nonuser comparator group for cohort 1 with a specific active comparator group comprising subjects who initiated glaucoma medications (Ϯ30 days), with no use of a glaucoma medication or a statin in the preceding 12 months. We restricted our population of statin initiators to those who had not used a glaucoma medication in the past year. Glaucoma medication initiators were selected as a referent group in the interest of finding a group of patients who were similar to the exposed patients in having initiated a preventive therapy. Each patient's initiation date was used as the baseline for follow-up.
Third Decision Point: Excluding Patients With Contraindications?
In studies of the effectiveness of drugs, it is questionable whether to include patients who have a clear contraindication to the study drug. Such patients will be few and their experience will be unusual. Prudence dictates, therefore, excluding patients with contraindications or absolute indications, resulting in a situation similar to the therapeutic equipoise required for RCTs. 14 Because reliably identifying contraindications in claims data is problematic, it is more promising to estimate appropriateness of treatment with an empirically fitted scoring algorithm. Propensity scores estimate each patient's probability of treatment given all measured covariates. Low propensity scores indicate low probability of treatment. Those with low scores will tend to be those who were not treated, and at the extreme end of the distribution there may be a range that is only populated by actual nonusers, because all users have higher propensity scores. Such nonusers are likely to have a contraindication for the study medication because no subject with such a low propensity score has actually received treatment. These patients should be deleted from the study population. Analogously, such trimming can be considered at the upper end of the propensity score, excluding patients who will always be treated.
Cohort 3-Incident Statin and Glaucoma Medication Users, Trimmed for Propensity Score Nonoverlap
We estimated exposure propensity scores for each subject by fitting a logistic model to predict exposure, in this case statin initiation, as a function of baseline covariates. We used the first percentile of the propensity score distribution in the exposed as a lower cut-point and the 99th percentile of the distribution of propensity scores in the unexposed as an upper cut-point, restricting our analysis to subjects with propensity scores falling between these 2 numbers.
Fourth Decision Point: Excluding Patients With Very Low Adherence?
Patients dropping out of RCTs for reasons related to the study drug may cause bias. Noninformative drop-out causes bias towards the null in intention-to-treat (ITT) analyses. The medical profession and regulatory agencies accept such a bias because its direction is known and trial results are considered conservative regarding the drug's effectiveness. Discontinuation of treatment may also be associated with study outcomes. Obvious reasons are lack of perceived treatment effect or intolerance. Both factors may lead to early stopping but can cause discontinuation at any time later during the course of treatment. Another factor that may lead to discontinuation of medications, particularly those used to treat asymptomatic conditions, is overall frail health status that requires multiple medications to treat the more symptomatic conditions. For example, cancer patients may discontinue statins to reduce polypharmacy in favor of more urgently needed drugs. 11 RCTs try to minimize bias from nonadherence by frequently reminding patients and by run-in phases before randomization aimed to identify and exclude nonadherent patients. In routine care, adherence to drugs is unfortunately substantially lower than in RCTs. Studies have shown that, for statin medications, only 50 -60% of elderly patients refill their prescriptions after 6 months. 15 Starting follow-up after the third fill of a chronic medication will exclude patients who are least adherent. Unlike RCTs in which run-in phases are often done with placebo, 16 patients in routine care experience their first exposure to a new drug and may discontinue use because of a lack of effectiveness or intolerance during what may be the most vulnerable period for some medication-outcome rela-tions. As long as that proportion is small and most patients discontinue for reasons not directly related to the study drug(s), this issue should be minor.
Cohort 4 -Adherent Statin and Glaucoma Initiators
We further restricted cohort 3 to those subjects who were likely to be adherent to their medications, with adherence defined as filling a second and third prescription within 180 days after initiation. Follow-up began on the date of the third prescription.
Fifth Decision Point: Restriction to Specific High-Risk/Low-Risk Subgroups Represented in RCTs?
For RCTs all restrictions and most subgroup analyses need to be predetermined because RCTs are by design prospective and their size must be limited because of their high costs. Repeating an RCT with other inclusion criteria is usually not feasible. Therefore, the restrictive inclusion criteria of RCTs are used to focus on a population that may benefit most from an experimental treatment but are often compromises. 17 In population-based database studies, analysts do not need to restrict the study population in the way RCTs do because the incremental cost for substantially expanding the study population is usually negligible. In database studies, several keystrokes will suffice to perform subgroup analyses to identify modifications of drug treatment effect that can be important for routine clinical practice.
Cohort 5-Subgroup Analysis of Typical Trial-Eligible Subjects
We restricted our final analysis to subjects from cohort 4 who would have been eligible to participate in the PROS-PER trial 18 based on their baseline covariates as measured in claims data. In addition to meeting the PROSPER age criteria (70 -82 years), subjects were required to have evidence of one of the following risk factors as recorded in claims from the past year: angina, intermittent claudication, hypertension, diabetes, history of stroke, transient ischemic attack, MI, arterial surgery, amputation for vascular disease, or current smoking. Subjects who had had a stroke, transitory ischemic attack, MI, arterial surgery, or amputation for vascular disease in the past 6 months were excluded, as were those with a hospitalization for congestive heart failure, arrhythmia, or atrial fibrillation in the past 6 months. Finally, we eliminated subjects with evidence of dementia or cancer in the past year. These baseline characteristics did not include cholesterol measurements, which was an inclusion criterion from PROS-PER.
Statistical Analysis
We obtained baseline demographic, health services use, and health status information from Medicare and PACE enrollment files and claims during the year before cohort entrance. Covariates included age, sex, race, receipt of preventive care services, use of laboratory tests, hospitalizations, number of distinct drugs used as well as use of drugs within specific classes, number of medical visits, nursing home residence, and presence of medical conditions as ascertained from inpatient and outpatient diagnosis codes. A full list of covariates and their definitions appears in the Appendix. Subjects without a record for a given condition were classified as not having that condition, and subjects with missing information on age, sex, and race were excluded.
We calculated unadjusted, age-sex adjusted, and fully adjusted rate ratios (RRs) from Cox proportional hazards models. Fully adjusted RRs came from a model adjusted for continuous exposure propensity scores. An exposure propensity score was calculated for each cohort by fitting a logistic model to predict exposure, in this case statin initiation, as a function of baseline covariates. 19, 20 Similar to an ITT analysis in an RCT, our analysis assumed that patients remained on continuous therapy for the duration of the study. We did not censor patients discontinuing treatment from the analysis because of the potential for over-or underestimation by possible copredictors for discontinuation and outcome, but the current analysis could lead to some underestimation analogous to that seen in ITT analyses of RCTs.
This study was approved by the Brigham and Women's Hospital Institutional Review Board and was conducted under an ongoing data use agreement from the Centers for Medicare and Medicaid Services (CMS).
RESULTS
We identified 61,204 patients who used statins at least once during the study period. The majority (65%) were prevalent users of statins; 35% were new initiators of statins. Individual statins included simvastatin (33.3%), atorvastatin (28.8%), pravastatin (18.7%), fluvastatin (9.8%), lovastatin (6.9%), and cerivastatin (2.5%).
The mean age was 74.9 for all statin users and 80.3 for nonusers. Statin users were more likely than nonusers to have angina, coronary heart disease, diabetes, and hyperlipidemia. Baseline patient characteristics are presented in Table 1 . Some of these imbalances became slightly less extreme as we applied more restriction criteria. For example, comparing cohort 0 with cohort 3, the difference in the prevalence of coronary atherosclerosis disease between exposed and comparison patients dropped from 12.5% to 8.2%, ischemic heart disease from 13.4% to 8.3%, and angina from 8.7% to 5.1%. Stronger reductions in the imbalance of patient characteristics were observed for risk factors for coronary heart disease, including diabetes (7.4 -1.8%), and noncardiac comorbidities that may be generic markers for frailty, including chronic obstructive pulmonary disease (3.8 -0.7%), osteoporosis (3.6 -0.7%), urinary tract infections (4.4 -0.5%), or current nursing home stay (4 -0.9%).
In parallel to the increasing balance of patient characteristics, the unadjusted mortality RR increased steadily from cohort 0 (0.32) through cohort 5 (0.72, see Table 2 ). The numerically largest increases in RR of death were from cohort 0 to cohort 1 (excluding prevalent statin users) and from cohort 1 to cohort 2 (limiting nonusers to patients initiating glaucoma drugs). In the most restricted analysis (cohort 5), the unadjusted RR was 0.72. As the population size decreases with increasing restriction, the 95% confidence limits of the unadjusted analysis broadened as expected ( Fig.  2A) . RR estimates adjusted for age and sex also steadily increased. However, cohort 0 had an age-and sex-adjusted RR of 0.47, which was considerably higher than the unadjusted RR of 0.32; by contrast, the age-and sex-adjusted RR of 0.76 in cohort 5 was not much different from the unadjusted analysis in cohort 5. Given multivariate adjustment using propensity scores of all covariates (in Table 1 ), the RRs started out at a higher level in cohort 0 (RR ϭ 0.62) than in any other cohort, and they did not change substantially until we limited the comparison group to users of glaucoma medications (cohort 2, RR ϭ 0.79). The RRs remained almost unchanged thereafter for all remaining cohorts (RR ϭ 0.78, 0.80, 0.79, see Table 2 and Fig. 2B ).
During 12 months of follow-up, 3.6% of matched nonusers initiated a statin during follow-up; 3.8% of nonusers matched on prescription or visit date started a statin; and 12% of glaucoma medication initiators started statins during follow-up. Thirty-six percent of incident statin users and 22.5% of prevalent users stopped taking their statin.
DISCUSSION
In an empirical analysis of the effect of statin use on 1-year mortality, we found that restricting the study population to incident statin users and the choice of comparison group both altered the effect estimates closer to the findings of RCTs in comparable populations. Subsequent restrictions to patients without contraindications and excluding nonadherent patients did not change this association in multivariate adjusted analyses. Our results need to be understood in the context of internal validity and generalizability.
Validity
Any discussion of validity requires a definition of a gold standard against which results are measured. For drug studies of this sort, the ultimate gold standard is the true biologic and physiologic effect of a drug in a given patient. RCTs are often seen as the gold standard method that comes closest to this goal. When compared with results from large population-based pharmacoepidemiologic studies, the question arises of whether the RCT results based on more selected populations can be generalized and continue to serve as the gold standard, or whether the observational data, not collected in a randomized trial setting, may provide more clinically relevant information. In our example, we assumed that RCT results are the gold standard for evaluating the validity of RR estimates at the fifth level of restriction, which was designed to mimic typical RCTs on statins. For all earlier restrictions, it is less clear how much the observed change in RR estimates result from effect modification by the restriction factors, bias, or a combination of both. How closely did our analysis after the last level of restriction (restriction 5) match the findings of the RCTs? A meta-analyses of 3 RCTs of pravastatin showed a moderate overall mortality effect for patients 65 years and older ͓RR ϭ 0.78; 95% confidence interval (CI), 0.68 -0.89͔. 21 The PROSPER trial, 18 an RCT of 5804 patients 70 -82 years that compared pravastatin with placebo and that was not included in the above meta-analysis, found no overall mortality effect (RR ϭ 0.97; 95% CI, 0.83-1.14). The Heart Protection Study, 22 a randomized controlled trial of 20,536 patients, compared simvastatin to placebo. The investigators found a mortality effect RR ϭ 0.87 (95% CI, 0.81-0.94) in all age groups combined (40 -80 years). The authors did not report the effect estimate for mortality stratified by age, so we could not determine an estimate for the age group comparable to ours for this study. The 4S trial, an RCT of 4444 patients with coronary heart disease including 1021 patients ages 65 and older, showed a strong mortality effect of RR ϭ 0.66 (95% CI, 0.48 -0.90) in seniors. 23 The RCTs that most closely mimic our study population are those included in the pravastatin meta-analysis limited to patients 65 years and older, covering a wide range of baseline lipid levels and including primary and secondary prevention. The investigators reported a pooled pravastatin RR effect of 0.78 that was quite close to our results after 5 restrictions (RR ϭ 0.79). The 4S trial was limited to secondary prevention and its somewhat stronger protective effect may therefore not generalize well to our population.
Assuming a moderate protective effect of statins based on RCTs, even our unadjusted results after applying all restrictions would have eliminated most of the bias. The multivariate adjusted analyses produced results comparable to those of RCTs after the second restriction (ie, limiting the study population to incident users of statins and limiting the comparison group to initiators of glaucoma drugs). We cannot claim with certainty that our results are entirely unbiased. Nonetheless, even if the gold standard estimate for our cohort 5 population had been the PROSPER trial results showing no effect on mortality, our combined restrictions seem to have reduced any bias substantially.
The point estimates of the multivariate-adjusted analyses did not change after the second restriction. This is partially because restrictions 3 (propensity score trimming) and 5 (restriction to typical trial exclusion criteria) are based on measured covariates that are adjusted for in the multivariate analysis. It is also attributable to the fact that statins have few contraindications, so that very few patients were excluded; exclusions based on contraindications can be expected to be more substantial in other settings.
Some might argue that pharmacoepidemiologic analyses of prevalent drug users should not be performed because they tend to underascertain events occurring shortly after drug initiation, and it becomes unclear whether measured patient characteristics are the cause or consequence of drug use. To address this issue, we purposely included the step from a mixed prevalent and incident users cohort to an incident user cohort to study that question. We found that this change resulted in an observable but not substantial change in RR estimates in our example.
Such empirical data on the changes caused by increasing restriction of the study population can guide decisionmakers in interpreting findings from pharmacoepidemiologic studies when RCT data are absent. In the end, however, it may not be possible to determine whether the changes in the effect estimate seen with each additional restriction demonstrate the likely magnitude of residual confounding or instead result from true effect modification by the restriction factors.
Generalizability
To guide our thinking about generalizability, it is useful to specify the patient to whom we wish to generalize our results. From a patient and physician perspective, the most relevant and frequently asked question is, "What is the effectiveness and safety of a particular drug that I am about to start and continue to use, compared with not starting therapy, or compared with starting an alternative drug?" From this viewpoint, restricting studies to initiators of drug therapy (restriction 1) does not limit generalizability. Instead, it avoids under-representation of treatment effects that occur shortly after initiation. Patients with known contraindications (or their clinicians) would usually not have to confront this hypothetical question because prescribing the drug in the first place would contravene current medical knowledge. Therefore, restriction 3 places little limits on generalizability.
In making a prescribing decision, physicians must assume that patients will take a drug as directed. If clinicians knew beforehand that a patient would not take a prescribed medication, they would not ponder the appropriateness of the drug in the first place. Consequently, excluding patients who are nonadherent to their treatment-independent of intolerance or treatment failure-will not limit generalizability to the question raised above (restriction 4). However, the situation is quite different if we restrict the study population by disease severity, comorbidities, polypharmacy, and other risk factors for the study outcome (restriction 5). Data based on such restrictions will limit physicians when making prescribing decisions concerning the excluded patient subgroups. The obvious solution to this problem is to stratify analyses according to relevant clinical subgroups, rather than restricting them out of the analysis altogether, and then evaluate the extent to which treatment effects differ across groups. 24 The large size of health care utilization databases can allow performing such subgroup analyses with substantial numbers of subjects, and represents an attractive alternative to wholesale restriction.
This study's primary goal was to demonstrate quantitatively the effects of 5 subsequent restrictions applied to a study population on observed drug effects-in this case, the estimate of association between statin use and mortality. We have chosen one of several possible sequences of the 5 restrictions. Applying the restrictions in another order may have resulted in slightly different results. We limited the study to a drug for chronic use for which discontinuation would not be related to either a cure or symptom relief, and used death as the ultimate and most generalizable outcome. We might have observed quite different effects of the restrictions if we had studied acute myocardial infarction, an outcome more strongly associated with the indication for statin use. We further simplified the statistical analysis by not modeling the drug exposure as a time-varying variable, but rather assuming constant use after initiation. This approach may lead to a bias towards the null. The choice of a comparison medication (ie, initiation of glaucoma drug use) may work better in our example of elderly patients 10, 12, 25 than in younger populations.
In conclusion, we identified a set of restrictions that analysts should consider in epidemiologic studies of the safety and effectiveness of therapeutics when using large observational databases. Such restrictions will place few limits on generalizability of research finding for most clinically relevant treatment choices.
